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Abstract
This study uses the Weather Research and Forecasting model (WRF) and the three-dimensional
variational data assimilation system (WRF 3DVAR), in cold and warm starts, with the aim
of finding out an appropriate nowcasting method that would have improved the forecast of
precipitation maxima in the mesoscale convective system that occurred in Catalonia (NE Spain)
on March 21, 2012 at 20 UTC. We assimilated radar data using different configurations,
qualitatively verifying the increase of rainwater produced by the assimilation of reflectivity.
While in cold starts the best result was obtained with a length scale of 0.75, in warm starts
it was necessary to use a length scale of 0.25. We got better results in all cases when radar data
assimilation was used, and although one of the cold starts achieved the best result and correctly
located precipitation maxima, the forecast amount was still lower than the observations.
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1 Introduction
Mesoscale Convective Systems (MCSs) are associated
with heavy precipitation, strong wind gusts, floods, material
damage and, eventually, loss of human lives. Therefore,
identifying, analyzing and predicting these events has
become one of the great challenges of the current weather
numerical prediction systems.
The MCSs description and their influence in Spain has
been extensively studied. Capel Molina (2000) indicates
that these types of phenomena are accentuated due to the
geographical location of the Iberian Peninsula, the direction
of the flow coming from the Atlantic Ocean as a result
of the seasonal variation in the general circulation of the
atmosphere and the interaction of zones with high and low
atmospheric pressure. Rigo and Llasat (2004) developed
a methodology to classify the MCSs on the Mediterranean
coast of the Iberian Peninsula based on radar data, the
position of the convective and stratiform area, size, duration
and amount of precipitation.
In addition, different techniques have been used in
Spain in order to predict the precipitation caused by MCSs
using the limited area model Weather Research and Forecast-
ing (WRF) described in Skamarock et al. (2008). Mercader
(2010) ran the WRF model with different microphysical
combinations, Trapero et al. (2013) studied the influence of
the Pyrenees mountain range on the precipitation processes
using the WRF model with a high resolution in Catalonia
and Arasa et al. (2016) employed the WRF model with
assimilation of soundings and irradiance (from satellites)
in the Port of Huelva. Nevertheless, we are not aware
of previous studies carried out in Spain with radar data
assimilation.
This research is focused on short term forecasts or
nowcasting with time horizons of less than eight hours.
One of the problems with nowcasting is the model spin-up
time, because the short span between the forecast and the
initial time does not allow the model to reach the appropriate
balance between its variables. It is here that data assimilation
plays an important role. Skamarock (2004), Jankov et al.
(2007), Kain et al. (2010) and Yang et al. (2011) agree
that a strong assimilation cycle minimizes the spin-up time,
contributing to a better short range forecast.
This concept is introduced in the WRF model as the
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WRF Data Assimilation System (WRFDA), which can
be used with three-dimensional variational (3DVAR) data
assimilation according to Barker et al. (2004) or with four
dimensional variational (4DVAR) data assimilation accord-
ing to Huang et al. (2009); in either case, a new and updated
initial state in the mesoscale model is produced based on
the assimilated observations. An extensive description of
WRFDA can be found in Barker et al. (2012).
The WRFDA can assimilate different types of observa-
tions: surface, sounding, wind profile, aircraft and irradiance
data. Some of these data have the advantage of being avail-
able very close to the surface where the processes of heating
and convection begin. But, apart from irradiance data, they
have two major disadvantages as well: heterogeneous and
poor spatial distribution (concentrated especially in urban
areas) and few height data.
Unlike conventional data, radar data has high tem-
poral, vertical and horizontal resolution, which allows a
homogeneous spatial assimilation. Nevertheless it has the
disadvantage of using indirect observations (reflectivity and
radial velocity) measured with remote sensing techniques
instead of model variables.
Radar data assimilation within weather forecast models,
such as WRF, causes an important modification of the back-
ground data. Since it assimilates large amounts of data in all
levels of the troposphere where the MCS is developed, this
should theoretically have a positive effect on the forecast.
Although authors like Sun and Wang (2013) have
shown the nowcasting results are more effective when using
radar data assimilation with 4DVAR, this is not used due
to its low operational application associated to the high
computational costs.
In this study, radar reflectivity data is mainly assim-
ilated using the indirect method proposed by Wang et al.
(2013) and only one case uses the technique of Xiao et al.
(2007). Radial velocity assimilation is made based on the
methodology proposed by Xiao et al. (2005). A set of
experiments are initialized using Global Forecast System
(GFS) model outputs (cold starts) and others with previous
WRF forecasts (warm starts) as a background.
The objective of this study is to find a nowcasting
procedure to forecast the spatial distribution of precipitation
and its maximum location and amount recorded on March
21, 2012 at 20 UTC in Catalonia, and to analyze the radar
data assimilation impact over the precipitation caused by
a MCS using the WRF model. The paper is organized in
five sections: Section 2 summarizes the characteristics of
the WRF - 3DVAR system, the radial velocity assimilation
and the two methods of reflectivity assimilation available
in version 3.9; Section 3 introduces the methodology, area
and case of study, configuration of WRF, 3DVAR and
data preprocessing; Section 4 presents the results and their
discussion and Section 5 draws the final conclusions.
2 WRFDA description
2.1 WRF 3DVAR system
The WRF model includes the 3DVAR system, which
combines forecasts of global or mesoscale models (first
guess or background) with data of atmospheric variables
(observations) in order to produce a new initial state
(analysis) of the atmosphere closer to the real atmospheric
conditions. This system has become an effective way
to avoid the model spin-up problem, it gives more
data assimilation control to the user and improves the
background fields through the assimilation of different types
of observations.
The 3DVAR system is based on the calculation of a
cost function J(x), considering the differences between the
analysis and the background (Jb) and between the analysis
and observations (Jo), formulated by Courtier et al. (1994):




(x− xb)TB−1(x− xb) + 1
2
(y − yo)TR−1(y − yo)
(1)
where:
x: analysis of model variables at every grid point
xb: background or first guess
y: model variables transformed by nonlinear observation
operator (H). y = H(x)
yo: observation
R: observation error covariance matrix
B: background error covariance matrix
The background error in the above-mentioned cost
function is obtained by launching 24-hour forecasts every
12 hours for a period of one month. Then, the output of
the 12 common hours of consecutive forecasts is compared.
This is known as the National Meteorological Center (NMC)
method, proposed by Parrish and Derber (1992) as a way to
obtain statistical averages of control variables:
B = (xf24 − xf12)(xf24 − xf12)T (2)
where xf24 and xf12 are the 24 and 12-hour forecasts
respectively, and the overbar represents an average over time
and space.
In this point, the analysis increment x′ = x − xb pro-
posed by Courtier et al. (1994) is used to minimize the cost
function J(x). This technique simplifies the background
using the transformation operator U and control variables
v under the restriction B = UUT , where U represents the
decomposition of B in its vertical (Uv), horizontal (Uh),
and physical (Up) components. Thus, x′ = Uv. The
control variables v can be selected by the user from four
predetermined sets which are denoted in the WRFDA users’
guide (NCAR, 2017) as CV3, CV5, CV6 and CV7.
The physical transform component converts the CV3
Tethys 2018, 15, 3–17 4
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control variables (stream function, velocity potential,
unbalanced pressure and humidity) in terms of model vari-
ables, in this case wind components, pressure and relative
humidity increments. The vertical transform component
uses an empirical orthogonal function (EOF) decomposition
of statistical covariance error. The horizontal transform
component is a function of vertical transform that works
with recursive filters in order to create a smoothing effect
that is distributed in an isotropic and homogeneous way.
These filters use a correlation length scale parameter,
which represents the radius of influence, calculated in grid
point space, around the position of an observation. It is
an input parameter for recursive filters to spread out the
increment horizontally (Descombes et al., 2015). Since
the temperature and relative humidity have more local
characteristics, they are represented by a relatively small
length scale. Therefore the analysis increment from these
variables will be closer to the observation compared to the
wind components (Descombes et al., 2015). WRFDA allows
the user to artificially reduce or increase the magnitude of the
length scales and variance of each control variable obtained
with the NMC method. For example, a value of 0.75 would
reduce the length scale parameter by 25% and 1.6 would
increase the length scale by 60%. The same applies to the
variance.
After obtaining the background error covariances using
statistical regression coefficients, the matrix is divided
generating the background error correlation length scale for
each variable and level. These control variables make it




= yo −H ′(xb), where H ′ represents
the linearization of nonlinear (H), Equation 1 can finally
be rewritten in terms of analysis increments, as shown in
Barker et al. (2004).
2.2 Radial velocity assimilation
With the aim of using radar data as part of the
assimilation system, Xiao et al. (2005) modified the WRF-
3DVAR in order to include vertical velocity increments
by combining the continuity, hydrostatic and adiabatic
thermodynamic equations in a single balanced equation. The
observation operator for Doppler radial velocity (Equation 3)
presents the relation between radial velocity Vr and rainwater
















u, v, w: cartesian velocity fields (m/s)
x, y, z: radar position (always fixed)
xo, yo, zo: observation position
r: distance between radar and observation
ps: surface pressure
qr: rainwater mixing ratio (g/kg)
p̄: base-state pressure
2.3 Reflectivity assimilation
Since WRFDA version 3.7, there have been two
available ways of assimilating reflectivity (Z). The first way
is the method proposed by Xiao et al. (2007). By using total
water mixing ratio qt = (qv + qc + qr) as a control variable
and a warm rain parameterization (hydrometeor partition),
it is possible to build a relationship between rainwater, qr,
cloud water, qc, water vapor, qv , and temperature. This leads
to nonlinear Equation 4 proposed by Sun and Crook (1997):
Z = 43.1 + 17.5log(ρqr) (4)
In Equation 4, Z represents the reflectivity (dBZ), ρ the air
density (kg/m3) and qr the rain water (g/kg). Equation 4
is transformed and used linearly according to the analysis





In this method, the first increment due to reflectivity
assimilation occurs on rainwater and the above-mentioned
relationship within warm rain processes causes increases in
qc, qv , T and even in the wind components (u, v).
The second option for assimilating reflectivity is
indirect, in which the rainwater mixing ratio and water vapor
are assimilated and estimated from radar reflectivity using
the rainwater mixing ratio as a control variable. This method
was proposed by Wang et al. (2013) after finding large
differences between the results presented by the operators
of Equations 4 and 5. Moreover, it is not possible to apply
Equation 5 when qr is not present and this is a great weakness
in cold starts. In this new method, rainwater is calculated
before the assimilation process, it has the advantage of not
requiring a linear operator, hence Equation 4 can be used.
The case of water vapor is different. It still requires a
linear observation operator. In 3DVAR 3.9, it is only possible
to assimilate saturated water vapor if it fulfills two special
characteristics: to have a reflectivity greater than a threshold
(default 25 dBZ) and reflectivity above the base of the cloud
with respect to the background. The observation is compared
with the saturation water vapor background (calculated with
pressure and temperature fields). Consequently, increases in
relative humidity and temperature are obtained using the new
linearized observation operator for qv as





qs: saturated specific humidity (g/kg)
RH: relative humidity (%)
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Figure 1: Observed precipitation from radar and rain gauge
data (EHIMI product) from 19 to 20 UTC 21 March 2012.
The red circle indicates the tornado location.
T : temperature (K)
Finally, the Wang et al. (2013) method can use cloud and
vertical velocity control variables by adding radial velocity
data JVr , rainwater data Jqr and water vapor data Jqv to the
initial cost function (Equation 1) in this way
J(x) = Jb + Jo + JVr + Jqr + Jqv (7)
3 Methodology
3.1 Area and case study
The study area was centered in Catalonia, located in
the NE of the Iberian peninsula. The orography of Catalonia
features two complex mountain systems, the Pyrenees and
the Pre-Pyrenees to the North with elevations up to 3,143 m,
and the coastal and pre-coastal ranges with elevations up to
1,706 m with a central depression between them.
Our case study is an event that took place in Catalonia
on March 21, 2012, between 19 and 20 UTC. In this period, a
Mesoscale Convective System (MCS) caused a precipitation
maximum of 60 mm in Southern Catalonia (Fig. 1). Bech
et al. (2015) described the synoptic situation that originated
this MCS and classified it as a meso-β elongated convective
system (MβECS). This event produced precipitations greater
than 100 mm in 24 hours and a tornado of category EF1
(Enhanced Fujita) with winds between 138 and 178 km/h.
3.2 WRF configuration
The WRF model version 3.9 was run in this study
with Lambert Conformal conical projection, three one-way
nested domains of 27, 9 and 3 km grid-point horizontal
Figure 2: Study area with 3 nested WRF domains of 27,
9 and 3 km grid-point horizontal resolution and modeled
topography (m). Black circle represents the radar range for
CDV (148 km) and white circles for the others (128 km).
resolutions with 51 full sigma levels in the vertical from
surface to 50 hPa at the top. The study area within the inner
domain was completely covered by the radar network (Fig.
2) composed of four C-band radars: Puig Bernat (PBE),
Creu del Vent (CDV), La Miranda (LMI) and Puig de Arques
(PDA) operated by the Meteorological Service of Catalonia.
The physical sub-grid parameterizations used were
Thompson microphysics scheme (Thompson et al., 2008),
Rapid Radiative Transfer Model for shortwave and longwave
radiation schemes (Iacono et al., 2008), Monin-Obukhov
surface layer scheme (Monin and Obukhov, 1954), unified
Noah land surface model (Mukul Tewari et al., 2004), lateral
boundary conditions scheme with 4 relaxation points (Janjić,
1994), and Kain-Fritsch cumulus parameterization scheme
(Kain, 2004) in domains 1 and 2, and convection-permitting
approximation in domain 3 with no cumulus parameteriza-
tion. The default geography and static data were generated
with 30-second spatial resolution databases in every domain.
As initial and boundary conditions, we employed the
12 UTC GFS run, provided by the National Centers for
Environmental Prediction (NCEP) at the highest resolution
available before January 2015 (0.5◦ x 0.5◦) with 47 isobaric
vertical levels.
3.3 Radar data preprocessing
Before the assimilation process in 3DVAR, it was
necessary to perform the following three steps:
First: Reflectivity and radial velocity extraction. The
radar data had a time resolution of 6 minutes and was divided
Tethys 2018, 15, 3–17 6
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(a) Before (resolution 1 km) (b) After (resolution 3 km)
Figure 3: Maximum radar reflectivity (dBZ) before and after VDRAS-QC raw data processing at 15 UTC 21 March 2012.
into three volumes with increasing antena elevation angles.
As only volumes 2 and 3 contained both radar reflectivity
and Doppler radial velocity, volume 1 data was discarded
and volumes 2 and 3 were used in the assimilation process
with a maximum range of 148 km and 128 km, respectively,
according to the Table 1.
Second: Raw radar data were rewritten in Meteoro-
logical Data Volume (MDV) format using National Center
for Atmospheric Research (NCAR) software. Applying an
8-point linear interpolation grid transformation, the radar
spherical coordinates were changed to Cartesian coordinates
over a 300-km square with 1-km grid-point resolution.
Third: The radar data used in the assimilation process
were processed by the Quality Control Module (QC) of
Variable Doppler Radar Assimilation System (VDRAS)
developed by NCAR. VDRAS performs data filtering, elim-
inates velocity dealiasing, determines the vertical resolution
of each grid point, assigns the observation specific error and
downgrades the resolution of the radar to match that of the
model, generating a 100-km square with 3-km grid-point
resolution (Fig. 3). At the end of this process, 5,174 radial
velocity and reflectivity data were obtained from the CDV
radar, 3,205 from PDA, 3,122 from PBE and 2,164 from
LMI radar.
3.4 WRFDA configuration
In most experiments, the WRFDA was set up with the
radar data assimilation technique proposed by Wang et al.
(2013) also allowing the assimilation of in-cloud humidity.
Only one experiment was performed using the technique
proposed by Xiao et al. (2007).
The number of outer loops was 1, the background error
chosen was CV7 because it improves the 0-12h precipitation
prediction (Sun et al., 2016). This set of control variables
are the horizontal wind components, temperature, surface
pressure, and pseudo relative humidity, defined by Dee and
da Silva (2003).
The background error covariance matrix was generated
according to the NMC method already mentioned but
changing 24-hour forecasts every 12 hours for 12-hour
forecast every 6 hours. Between September 24 and October
24, 2016, a total of 120 12-hour forecasts were generated at
intervals of 6 hours (00, 06, 12 and 18 UTC). This period was
chosen because, although the seasonal rainfall distribution in
Catalonia is geographically diverse and contains 10 out of
the 24 possible combinations, autumn is the rainiest season
in most of the region. The background statistics for each
domain were obtained using the WRFDA gen be utility
(NCAR, 2017). For every control variable, the background
error covariance was set to 2.5 and length scales between
0.05 and 1.
The background from outer domains (domains 1 and
2) was not modified by 3DVAR. The outer domains keep
the background from the real.exe initialization process. The
lower and lateral boundary conditions for the inner domain
(3 km) were updated after radar data assimilation according
to the methodology proposed in the WRFDA Users’ Guide
for cold and warm starts.
4 Results and discussion
4.1 Analysis
Considering that an accurate analysis should improve
the results of the forecast, it is necessary to configure the
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(a) Cold start (len scaling = 0.05) (b) Warm start (len scaling = 0.05)
(c) Cold start (len scaling = 0.25) (d) Warm start (len scaling = 0.25)
(e) Cold start (len scaling = 0.75) (f) Warm start (len scaling = 0.75)
Figure 4: Rainwater column differences (kg/m2) between analysis and background at 15 UTC using different length scales
in cold and warm starts.
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Table 1: Technical details of the radars of Catalonia in 2012





n Latitude 41.37 41.60 41.09 41.88
Longitude 1.88 1.40 0.86 2.99





1 Maximum range (km) 248 248 248 250






2 Maximum range (km) 128 148 128 128
Antenna elevations (degrees)
0.6, 0.8, 1, 1.3, 1.7, 2, 3
*PBE 0.9, 1.1, 1.4, 1.8, 2.4, 3





3 Maximum range (km) 128 148 128 128
Antenna elevations (degrees)
4, 5, 6, 8, 10, 13, 16, 21, 27
*PBE 4, 5, 6, 8, 10, 13, 16
Data DBZ and VEL
most sensitive parameters of 3DVAR, especially the length
scale. Sun et al. (2016) got better forecasts when they used
length scale 0.5 and CV7. Chou and Huang (2011) and
Ha and Lee (2012) performed several tests trying to find
the correct length scale over the range of 0.1 to 1 in their
respective experiments.
In this study, focused on the precipitation forecast,
the rainwater column increment (kg/m2) after 3DVAR
was analyzed in a number of experiments employing the
same variance (2.5) and length scale values of 0.05, 0.10,
0.25, 0.50, 0.75 and 1 in every control variable. The
length scale experiments were implemented in cold and
warm assimilations at 15 UTC, in order to know how this
parameter affected the representation of reflectivity in terms
of rainwater.
Fig. 4a, 4c and 4e show the inner domain and how
the length scale parameter affects the rainwater increments
in cold starts. The experiments at all length scales feature
a field of rainwater resembling the maximum reflectivity
measured by the radars at 15 UTC (Fig. 3b). The effect of
a different length scale is especially visible in values below
0.001 kg/m2 and single points where their propagation can
be seen more clearly. Radar boundary rainwater spreads
as the length scale increases. The similarity between the
field of reflectivity and rainwater is especially visible in
their respective maxima, even keeping a close and logical
relationship between intensity and location.
In cold assimilations rainwater is not present in the
background; therefore, the assimilation process will in-
evitably moisten the radar precipitation areas and only
positive increases of rainwater are possible. The rainwater
increase in cold assimilation was only possible using the
Wang et al. (2013) technique; if the Xiao et al. (2005)
technique had been used, the increase would have been zero.
Fig. 4b, 4d and 4f show how the length scale affects
rainwater increments in warm starts. The length scale
causes propagation very similar to cold starts but less
homogeneous. This happens because in warm assimilations
the background contains rainwater, then the assimilation
process may increase or decrease the amount of rainwater in
the analysis according to the differences between the radar
data observations and the background field. It is also seen
that length scales greater than 0.5 cause larger propagation
in warm start than in cold start.
Combining observations from the network composed
of four radars, it was possible to determine the total rain-
water mixing ratio increase produced by cold and warm
assimilations at 15 UTC. Understandably, the amount of
rainwater varies according to cold or warm starts. In warm
starts for example, rainwater reached values up to 4 kg/m2
in the background (not shown), increase (up to 1 kg/m2) and
decrease (larger than 1 kg/m2).
4.2 Forecast experiments
The WRF model ran in cold and warm starts, each with
the six length scales mentioned above; thus we obtained
twelve 5-hour precipitation forecasts at 20 UTC for each
analysis performed at 15 UTC. Fig. 5 and 6 display how
the 1-hour accumulated precipitation forecast changes as the
length scale increases in cold and warm starts.
The precipitation forecasts were compared with the
Hydrometeorological Integrated Forecasting Tool (EHIMI),
elaborated by the Catalan Meteorological Service (Trapero
et al., 2009), which provides hourly quantitative precipitation
estimates (QPE) derived from radar data and automatic
surface stations. Since the resolution of the EHIMI is 1.2
km, it was necessary to bi-linearly interpolate the data to the
same resolution of the model in domain three (3 km). The
Tethys 2018, 15, 3–17 9
R. Cáceres and B. Codina: Radar data assimilation impact over nowcasting a mesoscale convective system in Catalonia using the WRF model
(a) WRF fcst (len scaling = 0.05) (b) WRF fcst (len scaling = 0.10)
(c) WRF fcst (len scaling = 0.25) (d) WRF fcst (len scaling = 0.50)
(e) WRF fcst (len scaling = 0.75) (f) WRF fcst (len scaling = 1)
Figure 5: Hourly accumulated precipitation forecasts (mm) from 19 to 20 UTC according to length scale used in cold starts.
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(a) WRF fcst (len scaling = 0.05) (b) WRF fcst (len scaling = 0.10)
(c) WRF fcst (len scaling = 0.25) (d) WRF fcst (len scaling = 0.50)
(e) WRF fcst (len scaling = 0.75) (f) WRF fcst (len scaling = 1)
Figure 6: Hourly accumulated precipitation forecasts (mm) from 19 to 20 UTC according to length scale used in warm starts.
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Figure 7: Cloud top temperature at 19:30 UTC 21 March
2012 derived from the Meteosat-10 (10.8 µm infrared
channel).
observations clearly show that an MCS crosses Catalonia
forming two maximum precipitation areas, an small one to
the north and another to the south with precipitations over 40
mm in one hour (Fig. 1), from 19 to 20 UTC.
With the aim of evaluating whether the MCS extended
to the NW as predicted by the WRF but not visible with
the EHIMI product (there is a lack of observational data
in this zone), the WRF forecasts were checked against the
10.8 µm image from Meteosat-10 at 19:30 UTC (Fig. 7).
This image showed the MCS spread far beyond the Pyrenees
(N of Catalonia) and the NW convective processes seemed
possible.
In cold starts, although all the length scales used in
the analysis simulated the MCS, the length scale 0.75 (Fig.
5e) was qualitatively chosen as the best because the two
precipitation maxima were very well located and their shape
and extent corresponded to the observations. Length scales
of 0.05 (Fig. 5a), 0.10 (Fig. 5b) and 1 (Fig. 5f) were
discarded because precipitation forecasts between 1 and 5
mm were not spatially continuous throughout the system.
Warm simulations with length scales 0.75 (Fig. 6e) and
1 (Fig. 6f) yielded poor results with respect to the observed
precipitation field (Fig. 1), it was not even possible to see
the general structure of the MCS. Although the other length
scales cause a similar precipitation forecast, we subjectively
chose the results of the experiment obtained with the length
scale 0.25 (Fig. 6c) as the best, because they reproduced the
maximum precipitation structure in the south.
In cold and warm experiments, as the length scale is
increased, the MCS shifts from SW to NE, but this trend
was more noticeable in warm starts with length scales greater
than 0.5; demonstrating that in warm starts, the WRF model
is more sensitive to this parameter and should be used with
caution. We infer that the SW to NE movement is due
to the wide range of influence given to the observations
with higher length scales and its close relationship with the
wind components in that direction. According to the results
obtained in this stage, we used length scale 0.75 in all cases
where the WRF ran in cold start and 0.25 in warm starts.
A set of nine simulations were performed with the WRF
3DVAR system in cold and warm starts using the Wang et al.
(2013) technique in the first eight and Xiao et al. (2007) in
the last one (Warm ASS 15-4R-rf). The length scale of these
experiments was set according to the previous paragraph.
As shown in Figure 8, the first four were WRF cold
starts and the next five were warm starts. The first two
experiments (Cold 12 and Cold ASS 12) were initialized
at 12 UTC without and with radar data assimilation
respectively, and the next seven were all initialized at 15
UTC. In the case of the third and fourth experiments (Cold
15 and Cold ASS 15), WRF ran without and with data
assimilation, the fifth (Warm 15) without assimilation, the
sixth (Warm ASS 15-1R) using only CDV radar data, the
seventh (Warm ASS 15-4R) with assimilation and the eighth
(Warm 2ASS-4R) ran by assimilating radar data at two times,
at 12 and 15 UTC.
In general, all the experiments provided a reasonably
good overview of the spatial extension of the precipitation
field at 20 UTC (Fig. 9). The main differences between them
were in the location and maximum precipitation amount.
Even the nearest forecast underestimating the maximum
amounts of precipitation reached between 10-20 mm while
the EHIMI product gave 40-50 mm (Fig. 1).
Cold 12 (Fig. 9a) and Cold ASS 12 (Fig. 9b) cases were
the worst ones as was expected after having been initialized
three hours earlier. There is a lack of spatial continuity in the
precipitation field associated to the elongated-shaped MCS.
There are also no significant differences between the
results in the two first cases and Warm 15 case (Fig. 9e).
Although the experiments were initialized with cold and
warm starts (the latter three hours after the first ones) with
different boundary conditions, the precipitation forecast is
very similar. It seems that the precipitation field is more
sensitive to changes in the first guess than to changes in
boundary conditions.
By comparing the precipitation forecasts obtained from
Cold 15 (Fig. 9c) and Warm 15 (Fig. 9e) without data
assimilation, we obtained better results in the cold start case.
When comparing experiment Warm ASS 15-1R (Fig.
9f) with Warm ASS 15-4R (Fig. 9g), differences in
precipitation location and shape were not very apparent.
This could have been caused because the radar used in
experiment Warm 15 was the best located for the study area
and contributes with more data in the assimilation process.
However, the maximum amount of precipitation was best
simulated by Warm ASS 15-4R.
The Warm 2ASS-4R experiment (Fig. 9h) kept the
precipitation between 1 and 5 mm in almost all the elongate
system. The double assimilation and data from a robust radar
network positively impact the total amount of simulated
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R. Cáceres and B. Codina: Radar data assimilation impact over nowcasting a mesoscale convective system in Catalonia using the WRF model
Figure 8: The characteristics of the forecast experiment. Blue represents cold start, red warm start, green represents radar
data assimilation using radar network (four radars) and yellow shows radar data assimilation using only the CDV radar.
precipitation in the study area; nevertheless, it was not
possible to precisely locate precipitation maxima.
The Warm ASS 15-4R-rf experiment (Fig. 9i) seemed
to have a larger precipitation area of 1-5 mm than other
experiments, but it also had the particularity of forecasting
the weakest maximum precipitation in the northern part of
the MCS, and although it is not visible in the EHIMI product,
the infrared satellite image (Fig. 7) suggests that there was
substantial convective cloudiness in that area. This situation
could be explained because in the study area, it is difficult to
generate precipitation under warm rain parameterizations.
The experiment that best located and quantified the
maximum amount of precipitation was Cold ASS 15 (Fig.
9d), and it was also the one that best represents the elongated
and compact shape of the convective system. This could
occur because the background provided by the GFS model
seems to be much better than the background generated by
previous runs of the WRF model and because the area of
Catalonia has a strong radar coverage capable of generating
a realistic, accurate and full analysis of the rainwater field.
5 Conclusion
The study shows a high variation in the WRF precip-
itation nowcasting associated to the length scale parameter
(it represents the radius of influence around the position
of an observation) of the 3DVAR system when radar data
is assimilated. In cold starts (using GFS model outputs as
background), values equal or lower than 0.75 give satisfac-
tory forecasts, even length scale 1 yields reasonable results.
While in warm starts (using WRF forecasts as background),
values equal or greater than 0.75 incorrectly represented the
elongated shape of precipitation field associated with the
MCS. Therefore, length scale does not have the same impact
for forecasts initialized in cold or warm starts, it is necessary
to adjust this parameter for each case.
To qualitatively compare the results obtained using
radar data assimilation and cold or warn starts, or not, the
following evaluation table is made:
Table 2: Qualitative comparison of forecasts
Experiments Best results
Cold 15 vs. Cold ASS 15 Cold ASS 15
Warm 15 vs. Warm ASS 15-4R Warm ASS 15-4R
Cold 15 vs. Warm 15 Cold 15
Cold ASS 15 vs. Warm ASS 15-4R Cold ASS 15
According to Table 2, the best results are obtained
when using radar data assimilation and the WRF model in
cold start.
In comparison with a single radar, an integrated radar
network provides two advantages: data availability closer to
the surface and better representation of the initial state of
the atmosphere as a consequence of better coverage. In our
work, these improvements are noticeable in the calculation
of precipitation maxima obtained in Warm ASS 15-1R (01
radar) versus Warm ASS 15-1R (04 radars).
Of the two methods of radar data assimilation available
in 3DVAR, the technique proposed by Wang et al. (2013)
admits assimilation of rainwater in cold starts and shows
better results in this study than the Xiao et al. (2007)
technique.
Forecasts are affected by changes in their initial,
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(a) Cold 12 (b) Cold ASS 12 (c) Cold 15
(d) Cold ASS 15 (e) Warm 15 (f) Warm ASS 15-1R
(g) Warm ASS 15-4R (h) Warm 2ASS-4R (i) Warm ASS 15-4R-rf
Figure 9: Hourly accumulated precipitation forecasts (mm) at 20 UTC for each of the cases mentioned in Fig. 8.
lower and lateral conditions. In this study, the modification
of the initial conditions causes the main differences on
precipitation forecasts.
Although warm starts have the advantage of double
assimilation (cold assimilation at 12 and warm assimilation
at 15 UTC) and better results would be expected, in this
study, however, the cold run at 15 UTC has better effects on
precipitation forecast.
For this particular case, the best precipitation forecast
is obtained using a cold start with length scale of 0.75. The
WRF model is able to nicely simulate the MCS and although
it failed to simulate the maximum amount of precipitation
properly (10-20 instead of 40-50 mm and 5-10 instead of
20-30 mm measured in one hour), it located the position of
the two precipitation maxima reasonably well.
Radar data assimilation positively impacted the precip-
itation nowcasting at 20 UTC associated with the elongated
convective system that affected Catalonia on March 21,
2012. Nevertheless, it is necessary to evaluate more case
studies in order to verify whether the characteristics found
Tethys 2018, 15, 3–17 14
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here are repetitive and thus support a quantitative analysis.
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Descombes, G., Auligné, T., Vandenberghe, F., Barker, D. M.,
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